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In order to capture the outliers or the data from the class other than the labeled classes, we consider 

special random walks

1-KDD  2014

3-TCYB  2011



add an additional class c + 1in order to detect outlier data

the probability of the 𝑖𝑡ℎ point stopping the walks at the 𝑗𝑡ℎ point.

the probability of the 𝑖𝑡ℎ point which stops the random walks at the 

labeled data point whose label is 𝑗



In the special random walks, if an unlabeled sample is similar to one of the labeled samples, 

the walks starting from this unlabeled sample will stop at the labeled sample with high 

probability. 

If this unlabeled sample is an outlier or from a novel class, this sample is not similar to any 

of the labeled samples, and the walks starting from this unlabeled sample will stop at one of 

the unlabeled samples with high probability.

Label Regression

Adaptive Semi-Supervised Learning

1-KDD  2014



For clearly classified points, 𝑦𝑖1, 𝑦𝑖2 would be one large and one small, For boundary

points, however, 𝑦𝑖1, 𝑦𝑖2 would be more likely equal

𝑦𝑖1 = 0.9, 𝑦𝑖2 = 0.1, 𝑦𝑖1
𝑟 = 0.81, 𝑦𝑖2

𝑟 = 0.01 𝑦𝑖1 = 0.5, 𝑦𝑖2 = 0.5, 𝑦𝑖1
𝑟 = 0.25, 𝑦𝑖2

𝑟 = 0.25

Classification via Label-Adapted Kernels

In particular, the minimization of the quadratic energy relies on the assumption that data points that belong 

to different classes will have a low similarity weight. This smoothness assumption, which is used in semi-

supervised classification tasks, is often both local and global.

However, in many real data sets this might not be the situation, as ℎ may not be smooth with respect to W

2-KDD 2014



Transductive Classification (TC) problem: given labeled data  𝑥1, 𝑦1 , … , 𝑥𝑙 , 𝑦𝑙 and unlabeled data

𝑥𝑙+1, … , 𝑥𝑙+𝑢,𝑦𝑖 ∈ −1,+1 , 1 ≤ 𝑖 ≤ 𝑙.The goal is to predict the class labels of the given unlabeled data. 

C ∈ ℝ𝑛×𝑛 is a diagonal matrix with the 𝑖𝑡ℎ diagonal element  𝑐𝑖
set as:𝑐𝑖 = 𝛼𝑙 > 0 1 ≤ 𝑖 ≤ 𝑙 𝑐𝑖 = 𝛼𝑢 ≥ 0 𝑙 + 1 ≤ 𝑖 ≤ 𝑙 + 𝑢

The second term of the objective function uses a quadratic loss function to measure the fitting error

of the prediction f . It constrains f to be close to y.

The first term of the objective function evaluates how smooth the prediction f is with respect to the data 

manifold which is represented by the regularization matrix L. It reflects the prior knowledge that a good 

prediction should have low variance along the data manifold.

5-AISTAS  2007



GRF: 𝑓𝑖 must be strictly equal to 𝑦𝑖 for 1 ≤ 𝑖 ≤ 𝑙 and there is no constraint on the unlabeled data.

LapRLS: imposes a soft constraint on the labeled data but no constraint on the unlabeled data.

D(A,B) is a measure of the dissimilarity between two matrices

4-AAAI 2010





JMLR 2006

LapRLS

LapSVM

6-IJCAI  2017

Adaptive Neighbor Learning

Linear Manifold Regularization with Adaptive Graph for Semi-supervised Dimensionality Reduction 
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To control the uniformity level of the manifold graph weights, we use an entropy regularization term.

7-PRL  2017

In fact, each instance in the manifold graph is connected with only a few neighbor instances, thus only a 

few elements of each weight 𝑤𝑖 should be non-zeros, and the rests should be zeros. That is, each vector

weight vector 𝑤𝑖 should be sparse.

Semi-supervised manifold regularization with adaptive graph construction 
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Active Learning via Transductive Experimental Design   8-ICML  2006

Experimental design

Classic experiment design considers learning a linear function 𝑓 𝑥 = 𝑤𝑇𝑥 𝑤 ∈ ℝ𝑑, from 

measurements 𝑦𝑖 = 𝑤𝑇𝑥𝑖 + 𝜖𝑖 , 𝑖 = 1, … ,𝑚, 𝜖𝑖~𝑁(0, 𝜎
2) is measurement noise. 𝑥1, . . , 𝑥𝑚 are are 

experiments chosen from 𝒏 candidates 𝑣1, … , 𝑣𝑛 ∈ ℝ𝑑, 𝑛 > 𝑚.

The goal of experimental design is to find a set of experiments 𝑥𝑖 that together are 

maximally informative.

𝑋: [𝑥1, … , 𝑥𝑚]
𝑇∈ ℝ𝑚×𝑑, 𝑠𝑒𝑡 𝑥𝑖 𝑋 = 𝑚 V: [𝑣1, … , 𝑣𝑛]

𝑇∈ ℝ𝑛×𝑑, 𝑠𝑒𝑡 𝑣𝑖 𝑉 = 𝑛

The maximum-likelihood estimate of 𝑤:



Estimation error 𝑒 = 𝑤 − ෝ𝑤 mean: 0 covariance matrix: 𝜎2𝐶𝑤, 𝐶𝑤 is the inverted 

Hessian of 𝐽 𝑤 , 𝜎 is a constant

The matrix 𝐶𝑤 characterizes the confidence of the estimation, or the informativeness of the 

selected data.

Let 𝑚𝑗 denote the number of times for which 𝑣𝑗 is chosen in X, 𝑚1 +⋯𝑚𝑛 = 𝑚
A-optimal design



Transductive Experimental Design

The optimization criteria based on 𝐶𝑤 does not directly characterize the quality of predictions on

test data

Standard experimental design only considers linear functions and is thus restrictive in applications.

Very importantly, classic experimental design has to solve a SDP problem, which is often very slow

when dealing with hundreds of data points

A general setting may consider a different set T of test data points besides candidates in V. Assume  the 

two sets are the same.



𝐟 = 𝑓 𝑣1, … , 𝑓 𝑣𝑛 be the function values on all the available data V,

the predictive error 𝐟 − መ𝐟 has the covariance matrix 𝜎2𝐶f

(𝐴 + 𝑈𝐶𝑉)−1= 𝐴−1 − 𝐴−1𝑈(𝐶−1 + 𝑉𝐴−1𝑈) −1𝑉𝐴−1

Woodbury matrix identity

The average predictive variance on V is given by  
𝜎2

𝑛
Tr(𝐶f)

Transductive experimental design



Kernel Transductive Experimental Design

Sequential Design





9-SIGIR  2008



Find the informative samples by minimizing the expected prediction variance on the test data.
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11-TIP  2017
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min
𝑤,𝐿

𝐽 𝑤 = ෍

𝑖=1

𝑚

(𝑤𝑇𝑥𝑖 − 𝑦𝑖)
2+𝜇||𝑤||2 + 𝛾f𝑇𝐿f
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𝐽 𝑤 = 𝑋𝑇w− y 2 + 𝜇||𝑤||2 + 𝛾w𝑇𝑋𝐿𝑋𝑇w

Manifold Regularization Adaptive Graph Transductive Experimental Design

Active Learning 



Diversifying Convex Transductive Experimental Design for Active Learning

This constraint guarantees that highly similar samples would not have higher scores in sample 

selection at the same time.

9-SIGIR  2008
12-IJCAI 2016


